ABSTRACT
Introduction
In the literature there are studies that evaluate the Southern Oscillation Index (SOI) variability, which has a biannual signal variation component, Ropelewski and Jones (1987) , Elliott and Angell (1988) , Rao and Hada (1990) , Grimm, et al. (1998) , Kayano and Andreoli (2006) , Capotondi et al. (2015) , and Astudillo et al. (2016) , Rasmuson et al. (1990) , using surface marine wind and sea surface temperature data from the period 1950-1987, together with sea surface temperature and sea level pressure data from several stations in the Pacific, it was identified two dominant time scales of El Niño-Southern Oscillation (ENSO) variability. One is a biennial mode, with periods near 24 months, the other a lower frequency concentration of variance in periods of four to five years. A particularly well defined standing biennial component of ENSO variability, tightly phase-locked with the annual cycle, appears in the surface wind field of the equatorial eastern Indian Ocean. This is part of a larger scale biennial circulation over the low latitude eastern Indian Ocean-western Pacific sector. This biennial circulation is a fundamental ENSO variability element. It exhibits a strong tendency for phase locking with the annual cycle and introduces a degree of regularity into the ENSO cycle. Astudillo et al. (2016) show that the information contained in the SOI is sufficient to provide nonlinear attractor information, allowing the detection of predictability for longer than a year: 2, 3, and 4 years in advance throughout the record with an acceptable error. This is possible due to the fact that the lower-frequency variability of the SOI presents long-term positive autocorrelation.
There are works that make reference to the variability of SOI/ENSO with the Pacific Decadal Oscillation (PDO) variability, Newman et al. (2003) . Rodgers et al. (2004) , Zhang and Church (2012) , Gu and Adler (2013) and Kucharski et al. (2015) , aimed at understanding the dynamics that control the decadal variability in the Pacific Ocean and its interactions with climate change on a global scale.
Stauning (2011), shows that the solar activity-climate relations is extended with the most recent sunspot and global temperature data series. There is a strong correlation between solar activity and terrestrial temperatures delayed by 3 years. A regression analysis between solar activity represented by the cycle-average sunspot number, and global temperature anomalies, averaged over the same interval lengths, but delayed by 3 years. It is suggested that the in-cycle variations and also the longer-term variations in global temperatures over the examined 135 years are mainly caused by corresponding changes in the total solar irradiance level representing the energy output from the solar core, but further modulated by varying energy transmission properties in the active outer Sun regions.
The relationship between the solar energy net balance that reaches the surface of the earth and especially in the oceans directly affects the climatic cycles in the earth system ocean-atmosphere, there are some works that relate that for the climatological annual cycle and for interannual-to-decadal scales suggested that the solar-related signals in the upper ocean temperature can penetrate to 80-160m depth, and its influence on behavior in climatic time series and the decadal scales, Ellias et al. (1978) , Levitus et al. (2000) , Willis et al. (2004) and Levitus et al. (2012) . Lassen and Friis-Christensen (1995) showed that the solar cycle length duration in the last past five centuries been associated with the Earth's climate, with a well-defined activity with a cycle of eleven years in the number of sunspots. Since solar activity approximately 11-year cycles ranged from 8-17 years within a period of 80-90 years.
This behavior of cycles analysis is important because with the increase of series SOI, allow it to be calculated by eigendecomposition components which separate the long-range variation over time of the high frequency part of SOI series. Allowing a more detailed analysis is made of the behavior time scales of SOI/ENSO variability.
The identification, isolation, and reconstruction of signal components via eigendecomposition is known by a variety of names. Singular Spectrum Analysis, Principal Component Analysis, and Eigenfiltering are common. This research work exclusively uses the Eigendecomposition filtering and Reconstruction designation since it represents a more precise description of the numeric method, Ghil et al. (2002) , Elsner and Tsonis (2013) . Recognition of possible cycles in the SOI/ENSO time series allow occurs better behavior patterns recognition, which can help in a better use of this information in the safety and planning activities of the Rocket Alcântara Launching Center (ALC).
Methodology

Eigendecomposition filtering and reconstruction
An excellent reference to show the equations model used by eigendecomposition in the work was done by Elsner and Tsonis (2013) . Also, a public domain FORTRAN Eigenanalysis toolkit, known as the Singular Spectrum Analysis Toolkit is available at http://www.atmos.ucla.edu/tcd/ssa.
The Autosignal© software 1.6 for windows using the eigendecomposition algorithms vary only by how a lagged covariance matrix is constructed: using the covariance matrix equivalent of processing a forward-backward prediction data matrix (CovM FB). The decomposition of a forward-backward data matrix produces the eigenvalues and eigenvectors as the equivalent co-variance matrix and requires more processing time with large data sets.
In this procedure, the main task is to isolate and reconstruct signal components of interest by selecting one or more eigenmodes. The noise is broken into low power elements that generally form a sloping floor beyond the signal eigenmodes in the eigenvalue plot. Establishing the eigendecomposition order for harmonic signals in the absence of noise is a simple matter. A model order of two is needed to fully describe one oscillation. Similarly, an order of four is needed to fully model two oscillatory components. For noise-free data, the minimum order needed will be twice the number of signal components introducing oscillations in the data. These oscillatory components can be harmonic, such as undamped or damped sinusoids, sawtooth, and others. Or they can be anharmonic, oscillations where the model is not readily apparent.
Since there is usually some level of noise present in the data, a higher order model is needed to also account for the oscillations introduced by noise. To achieve a reasonable signal-noise separation within an eigendecomposition, it is necessary to use a high enough order so that the primary eigenvectors span only signal space. Further, when isolating components, the partitioning of component signals into different eigenmodes is usually enhanced by higher orders. The Normalize (%) item plots the eigenvalues on a percent scale. When this normalization is used, all of the eigenvalues sum to 100%, characterizing total variance of the studied SOI time series. This option makes it easy to see the relative contribution, by eigenvalue, of each component.
The Eigenvectors option was selected, each of the eigenvectors used in the reconstruction is plotted. Each eigenvector plotted will be of the length of the embedding dimension (model order). Sinusoidal harmonics will generally appear in pairs, one offset in index from the other.
Autocorrelation function
For each component calculated on the eigendecomposition it was calculated autocorrelation function and it was computed using the Prime factor FFT algorithm following Temperton (1985) . The graph generated is normalized using 1/N for data length. This procedure allows filtering the high frequencies in the SOI signal analysis and the first component shows the variability filtered without high frequency ranges allowing a more correct analysis. It was performed the calculation of the time series data autocorrelation function of the Monthly mean the total sunspot number.
Time series data
Southern oscillation index (soi)
The SOI data were obtained from the National Weather Service -Climate Prediction Center (www.cpc.ncep.noaa.gov/data/indices/) web page. For the SOI data monthly information and normalized in the 1951-2015 period were used, in total there were 775 months with SOI value, about 65 years in the analyzed time series.
Pacific decadal oscillation (pdo)
Pacific Decadal Oscillation Index was derived as the leading Principal Component of monthly SST anomalies in the North Pacific Ocean, poleward of 20N. The monthly mean global average SST anomalies are removed to separate this pattern of variability from any "global warming" signal that may be present in the data. Zhang et al. (1997) and Mantua et al. (1997) . PDO index data were obtained from the NOAA website (http://www.ncdc.noaa.gov/teleconnections/pdo/), it was download as a data.csv file with the index information, about 162 years in the analyzed time series, with monthly values.
Monthly mean total sunspot number
The monthly mean total Sunspot number data were obtained from the http://www.sidc.be/silso/datafiles site (Sunspot data from the World Data Center SILSO, Royal Observatory of Belgium, Brussels), from where it was download the data file (SN_m_tot_V2. txt) with the information of the sunspots activities, from 1749 to 2016 with a 267 years series.
Eigendecomposition
The results obtained using the eigendecomposition technique filtering and reconstruction, showed very interesting results. To allowed the SOI signal could be separated into components, which allow separate high frequency component signal. Allowing to define the cycles with greater temporal scale. In figure 2 shows the three components that are built to form the SOI signal variation, this technique was applied to the complete time series, showing the reconstruction of the original SOI time series. Figure 3 shows that the first component has the highest variance explained and it can be related to frequency order from one to two years, responsible component to represent a period of decadal scale in the time series. The second component can be associated with a frequency order from 2 to 4-month, intra-seasonal timescale, and the third or largest component is associated with noise process. In figure 4 shows the eigenvector per component, which can be associated with the third or largest components have a wave like sinusoidal variation in the SOI series signal behavior. In Figure 8 with 5 components, it is shown that the third, fourth and fifth components have a sinusoidal behavior in the SOI series signal and are lagged in time, these components may be associated with high-frequency characteristics, with noise process associated scales, creating high complexity in time series.
Figure 8 -shows the five components of eigenvector obtained in the eigendecomposition
This behavior implies a very large complexity in SOI series time, because these eigenmodes characterize the high frequency variability ranges behavior, and these scales are propagated in SOI signal. The order of one, two and three years with influences of these eigenmodes of greater order with high frequency scale, are lagged in time. This result is consistent with Astudillo et al. (2016) work, which showed it allows the detection of predictability for longer than a year: 2, 3, and 4 years in advance. Because the components show characteristics persistence are propagated in the analyzed time series. Table I shows the eigenvalues values, which represent the SOI time series variance explained behavior variability. This result shows that the eigendecomposition of three, four and five components (eigenmodes) total variance explained very significantly the SOI time series behavior, whose values explain nearly all the variance. 33, 3.58, 6.08, 8.5, 16 .08 and 26.5 years with significant negative autocorrelation function, matching a variance approximately of 70% of the SOI time series signal. The second component corresponds approximately to 13% of the total series variance, shorter timescale which may characterize a scale intra-seasonal variability with geophysical processes variability order from 2 to 4 months. The third or largest components featuring high frequency and is associated noise process, the series total variance corresponds to 8%. An important feature in Figure 9 which can characterize important cycles is the autocorrelation function significant change, change positive to negative, has three significant changes in the autocorrelation function, from 3 to 6, from 10 to 16 and 22 to 26.5 years. The period from 3 to 6 years can be related to the Stauning (2011) work, which noted that there is a strong correlation between solar activity and terrestrial temperatures delayed by 3 years, and they are mainly caused by corresponding changes in the total solar irradiance level representing the energy output from the core, but further modulated by varying energy transmission properties in the active outer Sun regions.
Autocorrelation function
The period from 10 to 16 years can be related to the Lassen and Friis-Christensen (1995) work, which showed a well-defined activity with a cycle of eleven years in the sunspots number. Since solar activity approximately 11-year cycles ranged from 8-17 years within a period of 80-90 years. The period from 20 to 27 years can be related to the Molion (2006) work, which discusses the global mean temperature variability may be linked to the Pacific Decadal Oscillation (PDO) between a periodicity from 20 to 25 years. The figure 9 results show a significant signal autocorrelation function between this cycle and the 20 to 27 years one, and could be correlated to the PDO. Table II shows the most significant autocorrelation function results, the highest correlations coefficients are about the periods of 14 years positively and the 16 years negatively ones. In a second magnitude degree is the 10 to 12 year positive cycle and the third period with 4.83 positive years and with 6.08 negative years. Cycles within this analyzed 65 years period showed that the SOI series shows autocorrelation function significantly in periods from 10 to 12 years and periods of 14 years, positively and negatively, with 16 and 23.58 years, and 25 positive years and finally 26.5 negative years, all coefficients with values next to or greater than 0.50 (autocorrelation function). This feature monitors the solar cycle maximum and minimum geophysical activities, which has a periodicity of 11 years, Jones et al. (1999) and Molion (2006) .
In the Wang et al. (2015) work, it was shown that decadal upper ocean heat content variability in the Pacific responds to the 11-year solar cycle, and showed that there is a physical association with heat content anomaly (OHCa) time series in some areas of the Pacific are significantly correlated with the total solar irradiance (TSI). Using the composite mean-difference method, the mean response of Ocean heat content a in the upper-700m of the ocean to the TSI was determined, among the high solar response areas in two regions, one in the tropical mid-Pacific and the other in the western Pacific, where the OHCa present decadal variations, but in different phases. The phase variation of the solar response indicates that there exists an agency for the OHCa's response to TSI.
These results point to a direct influence of solar activity, with the Pacific oceanic regions temperature anomaly cycles, and consequently influence the changes and SOI modulations, which can be seen in figure 9 , which shows the obtained autocorrelation function. Table II presents a very significant feature, which shows a range between positive and negative correlations between a cycle from 8 to 16 years, consistent with the Lassen and Friis-Christensen (1995) work, which showed that sunspot activity and the consequent variation change has been found to be strongly correlated with long-term variations in the global temperature, significantly affecting the climatic dynamics on Earth (example SOI time series). Figure 10 and Table III show the autocorrelation function of the monthly mean Sunspots number, show much resemblance to the autocorrelation function of the SOI -Monthly mean total Sunspot number series, showing similarity between the calculated spectrum in periods 4.83 to 5, 10 to 10, 16 to 16, 21.41 to 23,58, 24.66-26.5 to 26.91 years. The results of Table IV show the similarities between the autocorrelation function and how the series of SOI its estimate only 65 years. Figure 11 and Table V shows the PDO autocorrelation function, showing a behavior similar to that observed Sunspots and SOI time series. To periods of 4-5, 6-8.5, 10-12 and 15-17 years. However, for cycles with greater autocorrelation periods in the series, periods from 20 to 27 years or more, the behavior shows significant differences, when SOI is positive, PDO is negative and when PDO is positive, SOI is negative. Such situation can characterize the physical influence of oceanic dynamic scales, affecting the behavior of the index's and the time scale involved can characterize the partial decoupling of solar forcing on the SOI and PDO as a primary forcing dynamics, showing the internal scales interaction associated with the oceanic dynamics and consequent interaction and its atmospheric influences, affecting the global climatic dynamics, with great complexity. 
Discussion
The eigendecomposition filtering technique used in the SOI time series allowed to remove the part of high frequency that would change the analysis of long-period trend. The first eigendecomposition component is responsible for about 70% of the SOI time series variation signal and 67% of PDO index variance. In the calculated autocorrelation function important cycles can be characterized when a significant change in the autocorrelation function occurs, his change positive to negative, has three significant changes in the autocorrelation function, from 3 to 6, from 10 to 16 and 20 to 27 years, can be correlated these features in the solar activity cycles observed. In addition to the solar activity cycles influence, associated with its number of sunspots, the cycle observed from 20 to 27 years or longer period, may be related to the PDO/SOI complex interaction. An internal and complex variability between Pacific oceanic regions that define the PDO and SOI, may affect partially these indexes. These physical mechanisms have could a better understanding, it would help to understand the climatic dynamics on a global scale.
